Current feature space models of desertification were almost linear, which ignored the complicated and non-linear relationships among variables for monitoring desertification. Fully considering the influencing factors of the desertification process in Naiman Banner, four sensitive indices including MSAVI, NDVI, TGSI, and Albedo have been selected to construct five feature spaces. Then, the precisions of different feature space models for monitoring desertification information (including non-linear and linear models) have been compared and analyzed. The non-linear Albedo-MSAVI feature space model for Naiman Banner has higher efficiency with the overall precision of 90.1%, while that of Albedo-TGSI had the worst precision with 0.69. Overall, the feature space model (non-linear) of Albedo-MSAVI has the highest applicability for monitoring the desertification information in Naiman Banner.
I. INTRODUCTION
Desertification, one of the most serious eco-environmental problems, has become a major land degradation type occurring over the world during the past decades [1] . Naiman Banner, located in Horqin Sandy Land (the typical region of semi-arid and semi-humid agro-pastoral ecotone in China), is experiencing extensive aeolian desertification accounting for 50% of the Naiman Banner [2] - [4] . Desertification has become a major environmental problem that is hampering socio-economic development and threatening its ecological environment in Naiman Banner under the joint actions of climate change and human activity [1] .
Dynamic information of desertification is conductive to understand the desertification process and to establish early warning prevention projects for desertification [5] - [8] .
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However, field measurement is often limited due to the expensive cost, intensive labor, time-consuming and small spatial scale [9] , [10] . Then, the remote sensing images have been utilized to interpret the extent of desertification, which is a subjective process [11] , [12] evaluated the ecological vulnerability pattern in Naiman Banner under the influence of desertification, utilizing the comprehensive evaluation index method. Based on Landsat Images, [13] analyzed the relationships between levels of desertification and the surface water in Naiman Banner.In addition, automatic classification methods have often been utilized to obtain the desertification information in large area, however, the improvement of classification accuracy is limited to a certain extent. In recent years, the feature space model has been widely utilized to quantitatively obtain the desertification information, which could better reflect the land surface change information of desertification [8] , [10] , [14] . The feature space models have been constructed with some sensitive parameters VOLUME 8, 2020 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ for desertification, such as normalized difference vegetation index (NDVI), topsoil grain size index (TGSI), modified soil adjusted vegetation index (MSAVI), land surface albedo [15] , [16] . However, the proposed monitoring models were almost linear, which ignored the complicated and non-linear relationships between different parameters of feature space. In response to this challenge, the precisions of different feature space monitoring models for desertification (including non-linear and linear models) have been compared and analyzed, aiming to propose the optimal approaches for desertification in Naiman Banner. In this study, the NDVI, MSAVI, Albedo, and TGSI have been inversed utilizing Landsat 8 OLI image to construct different feature space models and then comparisons and analysis have been made to propose the optimal detection model of desertification.
II. MATERIALS AND METHODS

A. DATA COLLECTION AND PREPROCESSING
The Landsat8 OLI image (available at https://glovis.usgs. gov/) was the main data source for establishing the detection model of desertification in Naiman Banner (Figure 1 ). The path/ row of image that utilized in this study are 121/30. In this study, the visible, near infrared and mid infrared wavelengths that composed of six bands with a spatial resolution of 30 m were utilized. Considering the influence of radiometric distortions and atmospheric perturbations on the image quality, geometrical calibration and atmospheric correction had been conducted with ENVI 5.3. There were 210 verification points that obtained from Google Earth and field observation, which were set as 30 × 30 quadrats.
B. SENSITIVE INDICES FOR FEATURE SPACE
The radiant energy absorbed by the underlying land surface is mainly determined by the land surface albedo, which plays an key role in the ground radiant energy balance [8] , [17] , [5] . Vegetation cover is an important parameter for evaluating the vegetation restoration conditions in degraded grasslands or farmland. Due to its sensitivity to the change condition of vegetation, NDVI has been widely used to analyze the land cover change and desertification process [18] - [20] . However, the vegetation condition cannot be well reflected in regions with sparse vegetation or higher vegetation coverage due to the influence of the soil background or saturation effect on the NDVI [8] . Therefore, the MSAVI, fully considering the bare soil line problem, has been introduced to deal with the effects of the vegetation canopy and soil background [8] , [10] . The texture of topsoil has significant relationship to land degradation. Different levels of desertification lead to different surface topsoil textures. The desertification would be more severe while the topsoil grain composition becomes coarser. Coarsening of surface soil is a better indicator of land degradation, thus the grain size composition of topsoil can be utilized to reveal the process of land degradation [8] , [18] , [21] , [22] .
The reflectance data of six bands of Landsat8 OLI, including red, near infrared, blue, green, and short wave infrared band were utilized to inverse the above typical indices. The formulas for Albedo, NDVI, MSAVI, and TGSI were as follows [8] :
where Bblue, Bgreen, Bred, Bnir, Bswir1, and Bswir2 referred to the reflectance of blue band, green band, red band, near-infrared band, shortwave infrared band 1 and 2, respectively.
C. STANDARDIZATION OF INDICES
In order to eliminate the differences in magnitude, the following Eq.(5) was utilized to standardize the data of different Indices [23] .
where Inor,i denoted the normalized indices i; Ii denoted the indices i; Ii,CL = 0.05 denoted the value of indices Ii where the confidential level(CL) was 0.05; I i,CL = 0.95 denoted the value of indices i where the confidential level(CL) was 0.95. 
III. EXPERIMENTAL RESULTS AND ANALYSIS A. CONSTRUCTION OF THE FEATURE SPACE
As was shown in Figure 2 , five feature spaces were constructed based on the above four sensitive indices, which were divided into two categories (first category: Albedo-MSAV; second category: Albedo-NDVI, Albedo-TGSI, TGSI-NDVI, and TGSI-MSAVI). In this paper the feature spaces of Albedo-NDVI and Albedo-MSAV were chosen to analyze the differences between the first category and second category. Figure 3 showed that there were significant differences in spatial distributions of different levels of desertification in VOLUME 8, 2020 Albedo-NDVI feature space. The vegetation coverage would become lower with the increasing levels of the desertification. Five point clusters that distributed in different regions in the Albedo-MSAVI feature space were selected according to the distance to the point (1, 0). Then, the actual spatial distribution for each point cluster was analyzed to investigate the relationships among levels of desertification and five point clusters. Figure 3 showed that different levels of desertification (slight desertification, mild desertification, moderate desertification, intensive desertification and severe desertification) were concentrated in different regions in the Albedo-MSAVI feature space. Similar to Figure 3 , five point clusters have been selected according to the distance to soil line (Figure 4 ). Different levels of desertification were concentrated in different regions of the Albedo-MSAVI feature space. In addition, there was Figure 5 showed that the non-linear relationship between Albedo and NDVI was obvious, which could better indicate the process of desertification in the feature space. The straight line perpendicular to the red curve could distinguish different levels of desertification. Moreover, the spatial moving trajectory of the vertical direction in Albedo-NDVI feature space could be well fitted by a simple binary linear equation [24] (Eq. (6)):
B. ANALYSIA OF DESERTIFICATION PROCESS IN FEATURE SPACE
where DI refers to the desertification index and λ was obtained based on the slope of the fitted straight line in the feature space. Figure 6 showed that the desertification process could be explained by the distance from any point in the feature space to line L. The desertification would be more serious while the distance from line L became father. Based on the distance formula between point and line, the distance L2 from any point P in the Albedo-MSAVI feature space to line L could be expressed as follows [25] : 
where DI was desertification index; λ and β were the parameters of the regression equation for soil line L in the feature space.
D. QUANTITATIVE RELATIONSHIPS AMONG FEATURE SPACE VARIABLES
The formula of soil line for Albedo-MSAVI feature space was shown in Figure 7 (a), so the α and β for Equation 7 and 8 were −0.46 and 0.97, respectively. The linear formulas and correlation coefficient results of the other four feature space (Albedo-NDVI, Albedo-TGSI, TGSI-NDVI, and TGSI-MSAVI) were shown in Figure 7 (b-e). There were significantly negative relationship between NDVI and Albedo, TGSI with the correlation indexes of 0.75 and 0.83, respectively. The correlation between TGSI and MSAVI, Albedo were positive with the correlation indexes of 0.68 and 0.30(weakly positive), respectively. Therefore, the feature space models of Albedo-MSAVI, Albedo-NDVI, Albedo-TGSI, and TGSI-NDVI were adopted to monitor the desertification information (Table 1) .
IV. DISCUSSION
Utilizing the four feature space models, the desertification index of Naiman Banner have been calculated. Based on previous studies [8] , [15] , the desertification indexes of four feature space models were divided into five categories (Table2) to obtain the spatial distributions of different levels of desertification ( Figure 8 ) by Natural Breaks method of ArcGIS 10.2, which could better reflect the spatial difference among levels of desertification. In order to test and verify the reversion precisions for different classifications of desertification, 210 sites from zones with different vegetation landscape patterns were selected with Google Earth and field observations (taking Albedo-MSAVI as an example, Table 3 ). The overall precision of four feature space models differed greatly (Figure 9) . The feature space model of Albedo-MSAVI for Naiman Banner had the highest efficiency with the overall precision of 90.1%. The reason was that model of Albedo-MSAVI had fully considered the non-linear relationship between Albedo-MSAVI. Moreover, MSAVI, considering the bare soil line problem, had been introduced to eliminate the influence of the vegetation canopy and soil background [8] , [19] , [20] . The overall precisions of Albedo-NDVI and TGSI-NDVI were 0.81 and 0.87, respectively. It was because that the vegetation condition could not be well reflected in NDVI for regions with sparse vegetation or higher vegetation coverage due to the interruption of bare land and reflectance saturation effect [10] , [17] , [23] . Thus, the inversion precision of regions with intensive and severe desertification was lower. The feature space model of Albedo-TGSI showed the worst precision with 0.69. This model had ignored the surface vegetation condition, which could greatly affect the process of land desertification [5] , [14] . Overall, the feature space model of Albedo-MSAVI had high applicability for monitoring the desertification information in Naiman Banner.
V. CONCLUSION
Fully considering the influencing factors of the desertification process in Naiman Banner, four sensitive indices including MSAVI, NDVI, TGSI, and Albedo have been selected to construct five feature spaces. Then, precisions of different desertification monitoring models that derived from feature space (including non-linear and linear models) have been compared and analyzed. The non-linear Albedo-MSAVI feature space model for Naiman Banner has the highest efficiency with the overall precision of 90.1%, while the feature space model of Albedo-TGSI had the worst precision with 0.69. Overall, the feature space model of Albedo-MSAVI has the highest applicability for monitoring the desertification information in Naiman Banner.
